We propose a new soft clustering scheme for classifying galaxies in different activity classes using simultaneously 4 emission-line ratios; log(
INTRODUCTION
The energy output of galaxies is dominated by two main processes: star-formation and/or accretion onto a supermassive central black-hole, the latter witnessed as an Active Galactic Nucleus (AGN). The interplay between these processes is key for understanding the demographics of galactic activity and the co-evolution of nuclear black-holes and their host galaxies (e.g. Kormendy & Ho 2013) . The main tool we have for characterising the type of activity in galaxies is its imprint on the emerging spectrum of the photoionised interstellar medium (ISM). AGN generally produce harder ionising continua which result in stronger high-excitation lines that we can obtain from reprocessing of the spectrum of young stellar populations (e.g. Ferland 2003) .
The importance of characterising the ionising source of emission-line regions was recognised early on and led to the first systematic presentation of optical emission-line diagnostic tools by Baldwin, Phillips & Terlevich (1981) . This work introduced three diagrams based on four emission-line intensity ratios: log([N ii]/Hα), log([S ii]/Hα), log([O i]/Hα) and log([O iii]/Hβ). These diagrams, known as Baldwin-Phillips-E-mail: vs2712@ic.ac.uk Terlevich (BPT) diagrams, were able to discriminate between star-forming galaxies (SFGs) and galaxies dominated by AGN activity. At the same time, a third class of galaxies was recognized by Heckman (1980) on the basis of their relatively stronger lower-ionisation lines (Low-Ionisation Nuclear Emission line Regions; LINERs). The format of the BPT diagrams that are typically used today was refined by Veilleux & Osterbrock (1987) , and they include all three classes of objects (SFGs, LINERS, AGN).
However, the exact demarcation between SFGs and AGNs is generally defined empirically and hence it is subject to considerable uncertainty. Based on stellar population synthesis and photoinization models Kewley et al. (2001) introduced a maximum 'starburst' line on the BPT diagrams which defines the upper bound for the SFGs. Driven by the fact that AGN and SFGs observed in the Sloan Digital Sky Survey (SDSS; York et al. 2000) show two distinct loci extending below the demarcation line of Kewley et al. (2001) , a new empirical upper bound for the SFGs was put forward by Kauffmann et al. (2003) in order to distinguish the pure SFGs. The objects between this new empirical SFG line and the demarcation line of Kewley et al. (2001) belong to the class of Composite galaxies (also referred to as Transition objects in previous studies; (e.g. Ho et al. 1997) ). The spec-tra of these Composite galaxies have been traditionally interpreted as the result of significant contributions from both AGN and star-forming activity, although, more recently it has been proposed that their strong high-excitation lines could be the result of shocks (e.g. Rich et al. 2014) . Subsequently, Kewley et al. (2006) introduced another empirical line for distinguishing Seyferts and LINERs. More recently, Shi et al. (2015) explored other emission-line intensity ratios that could improve the classification. They used support vector machines to test the classification accuracy using a dataset of galaxies classified as either SFG, AGN, or Composite based on Kauffmann et al. (2003) .
The currently used classification scheme suffers from a significant drawback. The use of multiple diagnostic diagrams independently of one another often gives contradicting classifications for the same galaxies (e.g. Ho et al. 1997 ). According to Kewley et al. (2006) , 8% of the galaxies in their sample are characterised as ambiguous in that they were classified as belonging to different classes based on at least two diagnostic diagrams. (For clarity we use the term contradicting to emphasise that the different 2-dimensional diagnostics can give different classifications.) Such contractions arise because BPT diagrams are projections of a complex multi-dimensional space onto 2-dimensional planes. This limits the power of this diagnostic tool and may lead to inconsistencies between the different diagnostic diagrams. Moreover, the number of extragalactic emission-line objects for which accurate spectra are available has grown rapidly in recent years, especially with the advent of the SDSS. This massive dataset reveals inconsistencies between the theoretical and empirical upper bounds and the actual distribution of the observed line ratios for the different classes (e.g. Kauffmann et al. 2003) .
The inefficiency of the existing approach gives rise to the question of whether we can use a multidimensional data-driven method to effectively classify the galaxies. Recently, Vogt et al. (2014) , generalised the diagnostics originally proposed by Kewley et al. (2006) by providing multidimensional surfaces that separate different activity classes in different groups of diagnostic lines. (These, however, do not include the standard BPT diagnostic ratios).
In this article we propose a classification scheme, the soft allocation data driven (SoDDA) method, which is based on the clustering of galaxy emission-line ratios in the 4-dimensional space defined by the [O iii]/Hβ, [N ii]/Hα, [S ii]/Hα, and [O i]/Hα ratios. This is motivated by the clustering of the SFG, AGN, and LINER loci on the 2D projections of the emission-line diagnostic diagrams. Our classification scheme arises from a model that specifies the joint distribution of the emission-line ratios of each galaxy class to be a finite mixture of multivariate Gaussian (MG) distributions. Given the emission line ratios of each galaxy, we compute the posterior probability of each galaxy belonging to each galaxy class. This allows us to achieve a soft clustering. A similar approach was successfully implemented by Mukherjee et al. (1998) in another clustering problem in which they used a mixture of MG distributions to discriminate between distinct classes of gamma-ray bursts.
This paper is organised as follows. In Section 2 we describe the proposed methodology. Section 3 discusses the implementation of the method on galaxy spectra from the SDSS DR8, and Section 4 compares our multidimensional data driven classification scheme with the one proposed by Kewley et al. (2006) . Section 5 introduces multidimensional linear decision boundaries that we compare in terms of their prediction accuracy with both the SoDDA and the scheme of Kewley et al. (2006) . In Section 6 we review our results and discuss further research directions.
CLUSTERING ANALYSIS
Cluster analysis is a statistical method that aims to partition a dataset into subgroups so that the members within each subgroup are more homogeneous (according to some criterion) than the population as a whole. In this article we employ a class of probabilistic (model-based) algorithms that assumes that the data are an identically and independently distributed (i.i.d.) sample from a population described by a density function, which is taken to be a mixture of component density functions. Finite mixture models have been studied extensively as a clustering technique (Wolfe 1970) . It is common to assume that the mixture components are all from the same parametric family, such as the Gaussian. The use of mixture models arises naturally in our problem, since the population of galaxies is made up of several homogeneous subgroups: SFGs, Seyferts, LINERs and Composites. Fraley & Raftery (2002) proposed a general framework to model a population as a mixture of K subpopulations. Specifically, let x i be a vector of length p containing measurements of object i (i = 1, ..., n) from a population. In our application the x i tabulates the p = 4 emission line ratios for galaxy i. A finite mixture model expresses the likelihood of x i as:
where f k and θ k are the probability density and parameters for the distribution of subpopulation k, and π k is the relative size of subpopulation k, with π k ≥ 0 and K i=1 π k = 1. Given a sample of n independent galaxies x = (x 1 , x 2 , ..., x n ), the joint density can be expressed as:
where θ = (θ 1 , ..., θ K ) and π = (π 1 , ..., π K ).
Estimating the parameters of a finite mixture model
Dempster, Laird & Rubin (1977) propose a framework that can be used to compute the maximum likelihood estimators (MLE) in finite mixture models using the ExpectationMaximization (EM) algorithm. Define the unknown parameters as φ = (θ, π). The MLE is φ = argmax φ p(x | φ), where argmax φ is an operator that extracts the value of φ that maximises the likelihood function, p(x | φ). The EM algorithm is an iterative method for computing the MLE. In the context of finite mixture models, Dempster et al. (1977) introduced an unobserved vector z (n × K), where z i• is the indicator vector of length K with z ik = 1 if object i belongs to subpopulation k and 0 otherwise. Because the z i• are not observable, they are called latent variables. In this case they specify to which subpopulation each galaxy belongs. Given a statistical model consisting of observed data x, a set of unobserved latent data z, and a vector of unknown parameters φ = (θ, π), the EM algorithm iteratively performs alternating expectation (E) and maximisation (M) steps:
where the superscript t indexes the iteration, and E[.] is the weighted mean evaluated by marginalising over all possible values of z. The EM algorithm enjoys stable convergence properties, in that the likelihood, p(x|φ), increases in each iteration and the algorithm is known to converge to a stationary point of p(x|φ), which is typically a local maximum.
The joint distribution p(x, z|θ, π) can be factorised as
The logarithm of the conditional distribution of x and z given (θ, π), i.e. the loglikelihood, is:
The E-step requires us to compute the conditional expectation of Equation 3 given (θ (t) , π (t) ). Because Equation 3 is linear in the components of each z i• , it suffices to compute the conditional expectation of the components of each z i• given x and (θ (t) , π (t) ). This is the conditional probabilities of i belonging to subpopulation k given (θ (t) , π (t) ). More specifically:
The M-step requires us to maximise the conditional expectation of Equation 3 with respect to π and θ, i.e. to max-
The particular form of the M-step depends on the choice of density distributions, f k , for the subpopulations. Here we assume MG distributions for each subpopulation.
MG mixture models can be used for data with varying structures due to the flexibility in the definition of variance matrices. The density of the MG distribution for subpopulation k is:
The EM formulation for an MG mixture is presented in detail in Dempster et al. (1977) . The E-step has the same formulation as in Equation 4, with f k given in Equation 5 with θ k = (µ k , Σ k ), where µ k represent the means and Σ k the covariance matrices of the x i line ratios for galaxies in subpopulation k. For the M-step, the updates of the parameters have closed form solutions (Bilmes et al. 1998 ),
We implement this EM algorithm using the scikit-learn Python library 1 under the constraint that the covariance matrices are full rank, and the diagonal elements cannot be smaller than 10 −3 to avoid overestimation, i.e. converging to a small number of data points. Because this algorithm can be sensitive to the choice of starting values, we routinely rerun it with 5 different randomly selected sets of starting values. We choose the value among the 5 converged points with the largest likelihood to be the MLE, denoted (π , µ , Σ ).
Choosing the value of K
Fraley & Raftery (2002) point out that mixtures of MG distributions are appropriate if the subpopulations are centred at the means, µ k , with increased density for data closer to the means. As a result, the practical use of MG mixture models could be limited if the data exhibit non-Gaussian features, including asymmetry, multi-modality and/or heavy tails. In the SDSS DR8 dataset that we examine, it is apparent that the subpopulations exhibit non Gaussians characteristics such as convexity, skewness and multimodality. In order to account for these non-Gaussian features, we use a mixture of MG distributions with K considerably larger than the actual number of galaxy classes. In this way, we represent each galaxy class by a mixture of several MG subpopulations. This allows a great deal of flexibility in the classspecific distributions of emission line ratios. With the fitted (large K) MG mixture in hand we can then perform hyperclustering of the K MG subpopulations so as to concatenate them into clusters representing the four desired galaxy classes. The number (K >> 4) of MG subpopulations that we fit to our data is chosen using the Bayesian Information Criterion (BIC) of Schwarz et al. (1978) and the gap statistic (Tibshirani et al. 2001) . BIC is a model selection criterion based on the maximum log-likelihood obtained with each possible value of K, and penalised by the increased complexity associated with more subpopulations . More specifically, it is defined as BIC(
is the maximised value of the likelihood when the number of subpopulations is fixed at K. The value of K with the lowest BIC is preferred. The gap statistic compares the normalised intra-cluster distances between points in a given cluster, W K , for different total number of subpopulations K, with a null reference distribution obtained assuming data with no obvious clustering. The null reference distribution is generated by sampling uniformly from the original datasets bounding box multiple times. The estimate for the optimal number of subpopulations K is the value for which the W K falls the farthest below the reference curve.
SoDDA accomplishes the hyper-clustering of the K subpopulations into the four galaxy classes using the classification scheme of Kewley et al. (2006) . More specifically, we treat the fitted subpopulations means (µ 1 , ..., µ K ) as a dataset and classify them into the four galaxy classes. For example, suppose we fit 10 MG distributions and the means of the distributions 1, 3 and 5 are classified by Kewley et al. (2006) as SFGs, then the distribution of the SFGs under SoDDA would be
Via the allocations of the means of the K subpopulations into the four galaxy classes, we have defined the distribution of the emission line ratios for each galaxy class as a finite mixture of MG distributions. Specifically, let
, and f Comp (x) be the distributions under SoDDA of the emission line ratios of SFGs, LINERs, Seyferts and Composites galaxies respectively. Then, given the four emission line ratios x i of a galaxy i, the posterior probability of galaxy i belonging to class c is:
, for c in {SFG, LINER, Seyfert, Comp}.
(11)
IMPLEMENTATION OF THE CLASSIFICATION SCHEME
The SDSS provides an excellent resource of nuclear spectra of galaxies covering all different activity types (e.g. Kauffmann et al. 2003) . For the definition of our multidimensional activity diagnostics we use the "galspec" database of spectral-line measurements from the Max-Plank Institute for Astronomy and Johns Hopkins University group. We used the version of the catalog made publicly available through the SDSS Data Release 8 (Aihara et al. 2011a,b; Eisenstein et al. 2011) , which contains 1,843,200 objects. The spectral-line measurements are based on single Gaussian fits to star-light subtracted spectra, and they are corrected for foreground Galactic absorption Kauffmann et al. 2003; Brinchmann et al. 2004 ).
Since the same catalog has been used for the definition of the two-dimensional and multi-dimensional diagnostics of Kauffmann et al. (2003) and Vogt et al. (2014) respectively, it is the best benchmark for testing the SoDDA. From this catalog we selected all objects which have line flux measurements for the 8 diagnostic lines we consider here, with a signal-tonoise ratio (SNR) greater than 6, which ensures the use of reliable line flux measurements for our analysis. The final sample consists of 90,388 galaxies. We apply the BIC and gap statistic for values of K ranging from 5 to 50 in increments of 5. Figures 1 and 2 plot the BIC and gap statistics. BIC suggests an optimum value of around K = 20, while the gap statistic suggests a value of Figure 1 . The Bayesian Information Criterion (BIC) computed over a grid of values of K (in increments of 5) using the data of the SDSS DR8. The BIC is a model selection criterion based on the log-likelihood; the model with the lowest BIC value is preferred, indicating that in this case the optimal number of subpopulations is K = 20. Figure 2 . The Gap statistic computed over a grid of values of K (in increments of 5) using the data of the SDSS DR8. The Gap statistic compares the intra-subpopulation distances between points in a given subpopulation with a null reference distribution of the data, i.e., a distribution with no obvious clustering. This figure shows that the smallest value of K for which the data measure exceeds the randomly generated measure is K = 10. K = 10. Since we are ultimately concatenating the subpopulations, we err on the side of large K, with K = 20, so as to capture as much detail in the data as possible without overfitting. Subpopulation 4 is located in a different region in each of the three diagnostic diagrams in Figure 3 . Furthermore, the 3-dimensional distribution of Subpopulation 4 is fuzzy, distorted, and totally disjoint from the distribution of the other subpopulations ( Figure 5 ). Inspection of the optical spectra of several of the sources allocated to Subpopulation 4, shows broad emission lines with complex structure. Because these lines cannot be well modelled with the single 2, 5, 6, 7, 8, 11, 13, 14, 15, 17, 18 Seyferts 3, 10, 20 LINER 9 Composites 12, 16, 19 Gaussians used, the resulting line measurements are unreliable. Therefore, we discard Subpopulation 4 from our analysis. In order to normalize the probabilities, we divide all the subpopulations weights by (1 − π 4 ). SoDDA associates each of the 19 subpopulations with one activity class based on the projection of their mean on the 2-dimensional BPT diagnostic diagrams, and their location with respect to the activity class separating lines reported in Kewley et al. (2006) . The allocations are given in Table 1 for the 19 subpopulations means. Subpopulation 10 transcends the Composite and Seyfert classes. The main discriminator between Composite galaxies and Seyferts is the [N ii]/Hα diagnostic and the mean of subpopulation 10 is clearly above the maximum 'starburst' line on the BPT diagrams introduced by Kewley et al. (2001) as an upper bound of SFGs. Thus, we include Subpopulation 10 in the Seyfert class. After combining the 19 subpopulations to form the 4 galaxy classes as described in Table 1 , we compute the posterior probability of each galaxy being a SFG, Seyfert, LINER, or Composite using Equation 11. The second row in Figure 6 shows the BPT diagnostic diagrams for SDSS DR8 with each galaxy colour coded according to its most probable galaxy class (red for SFGs, yellow for Seyferts, blue for LINERs, and green for the Composites) under SoDDA. To highlight the spatial extent of each cluster, we plot the BPT diagrams for each activity class (SFGs, Seyferts, LINERs and Composites) individually in Figure 7 . SoDDA provides a robust classification for the vast majority of the galaxies in the SDSS DR8 sample. For 90.6% of the galaxies, max c ρ ic is greater than 75%. That is, the most probably class for each of 90.6% of the galaxies has a posterior probability greater than 75%, indicating strong confidence in the adopted classification. Furthermore, the difference between the largest and the second largest ρ ic (among the classes) is smaller than 1% for only 0.17% of the galaxies, which indicates that the classification is uncertain for very few galaxies. This is illustrated in Figure 9 which plots max c ρ ic , against the difference between max c ρ ic and the second largest ρ ic among the classes. The red line denotes a difference between the two highest values of ρ ic (among the classes) of 1%. There are only a few galaxies with a most probably class that is less that 1% (or even 10%) more probably than the second most probably class. In order to assess the stability of the classification we randomly select a bootstrap sample consisting of 90% of the SDSS DR8 data (sampled without replacement and excluding Subpopulation 4). Using the bootstrap sample, we retune the classifier by estimating the means, weights, and covariance matrices for the 19 subpopulations, assigning each to one of the 4 activity classes, and recalculating the probability that each galaxy (in the SDSS DR8 sample we used for our original analysis excluding Subpopulation 4) belongs to each of the 4 classes. We denote these probabilities, ρ boot ic , to distinguish them from those computed with the full SDSS DR8 sample, namely ρ ic . There is excellent agreement between the original classification and that obtained using the bootstrap sample. Specifically, 99.2% of the galaxies are classified into the same activity type with both classifiers. Similarly, 95.7% of the galaxies classified as Composites using the original classifier are classified in the same way using the set of parameters obtained from using the bootstrap sample. The figures are 96.3% for Seyferts, 97.9% for LINERs, and 99.9% for SFGs.
Overall there is little difference between the class probabilities of the individual galaxies computed with the full data and with the bootstrap sample. To illustrate this, we plot max c ρ ic − max c ρ boot ic against max c ρ ic in Figure 10 . Galaxies that are classified differently by the two classifiers are plotted in red. Again, there is excellent agreement: Not only is the classification of the vast majority of galaxies the same for both classifiers, but the probabilities of belonging to the chosen class are both similar and high. Of the few galaxies (0.8%) that are classified differently, 86% have max c ρ ic < 60%, meaning their classification was not clear to begin with. Overall, our classifier appears robust to the choice of sample used for tuning.
COMPARISON WITH 2-DIMENSIONAL CLASSIFICATION SCHEME
In order to show the advantages of our approach, we compare it with the scheme proposed by Kewley et al. (2006) . In contrast to the standard approach of using hard thresholds to define the different classes, SoDDA uses soft clustering. We thus calculate the posterior probability of each galaxy belonging to each activity class. Moreover, SoDDA is not based on any particular set of two-dimensional projections of the distributions of emission-line ratios, but rather takes into account the joint distribution of all 4 emission-line ratios. Thus, the main difference between the two schemes is that SoDDA does not produce contradictory classifications for the same galaxy. Rather SoDDA provides a single coherent summary based on all diagnostic line ratios: a posterior membership probability for each galaxy. The difference between the SoDDA probabilities of the most likely and second most likely class for each galaxy in the SDSS D8 sample. The difference is plotted against the probability of the most likely class. The red line corresponds to a difference of 1%. Only 0.17% of the galaxies exhibit a difference between the probabilities of the most and second most likely classes of less than 1%. 90.6% of the galaxies have max c ρ i c > 75%, indicating a highly confident classification. against max c ρ i c . Galaxies that are classified differently by the two schemes are plotted in red. The vast majority of galaxies have the same classification under both schemes; those that do not (only 0.8% of the full sample) have max c ρ i c < 60% (86% of them), meaning they lie close to the iso-probability surface between two or more classes. (Kewley et al. 2006) . Each cell has 3 values: the number of galaxies with (i) ρ i c ≥ 75%, (ii) 50% ≤ ρ i c < 75%, and (iii) ρ i c < 50%, where ρ i c is the posterior probability that galaxy i belongs to galaxy class c under SoDDA. Contradictory classifications are called ambiguous classifications by Kewley et al. (2006 A 3-way classification table that compares SoDDA with the commonly used scheme proposed by Kewley et al. (2006) appears in Table 2 . Each cell has 3 values: the number of galaxies with (i) ρ ic ≥ 75%, (ii) 50% ≤ ρ ic < 75%, and (iii) ρ ic < 50%, where ρ ic is the posterior probability that galaxy i belongs to galaxy class c. For example, the cell in the first row and first column shows that of the galaxies that both SoDDA and the Kewley et al. (2006) method classify as SFG, 65,080 are SFGs under SoDDA with probability greater than 75%, 946 with probability between 50% and 75%, and only 3 with probability less than 50%. On the other hand, 1,744 of the galaxies that have contradictory classifications according to Kewley et al. (2006) are estimated with SoDDA to be SFGs with probability over 75%, a robust classification.
The first row in Figure 6 shows the classification suggested by Kewley et al. (2006) , using the same colour coding as in the second row of Figure 6 (which shows the classification suggested by SoDDA) but with galaxies that are characterised as having contradictory classification plotted in black. The overlap between the composite galaxies (green) and the SFGs (red) is clear in the SoDDA classification (middle and right panels of Figure 6 ), indicating that the 2-dimensional projection of this 4-dimensional parameter space is insufficient for capturing its complex structure and accurately classifying the galactic activity. The use of hard boundaries defined independently in the 2-dimensional projections is responsible for those galaxies with contradictory classification. On the other hand the probabilistic approach of SoDDA simultaneously accounts for the 4-dimensional structure of the data space and inherently alleviates these inconsistent classifications, while at the same time giving a confident classification of the galaxies to activity classes.
MULTIDIMENSIONAL DECISION BOUNDARIES
In order to provide a more immediately usable diagnostic in the spirit of the classification lines of Kauffmann et al. (2003) and Kewley et al. (2006) , which however, simultaneously employ the information in all diagnostic lines, we use a support vector machine (SVM) (Cortes & Vapnik 1995) to obtain multidimensional decision boundaries based on the SoDDA results. A SVM is a discriminative classifier formally defined by a separating hyperplane. In other words, given classified galaxies, the algorithm outputs an optimal hyperplane which can be used to categorize new unlabelled galaxies.
4-dimensional Decision Boundaries
The input data for the derivation of the multidimensional decision boundaries are the 4 emission line ratios for the galaxies in SDSS DR8 sample (i.e. x), and the classification for each galaxy as obtained with SoDDA (i.e., y i ). We use the scikit-learn Python library to fit the SVM model, employing a linear kernel function. A more complex function did not provide an improvement significant enough to justify its use, espeically given the simplicity of a linear kernel. The SVM algorithm requires tuning the cost factor parameter C, that sets the width of the margin between hyperplanes separating different classes of objects. After a grid search in a range of values for C, we suggest a value of C = 1 based on 10-fold cross-validation. K-fold cross-validation is a model validation method for estimating the performance of the model. The data is split in K roughy equal parts. For each κ ∈ (1, ..., K) we fit the model in the other K−1 parts of the data and calculate the prediction error of the fitted model when predicting the κth part of the data. By repeating this procedure in a range of values for the model parameters, we choose the values of the parameters that give us the model with the minimum expected prediction error.
Using the SoDDA classification, we employ a SVM approach to define multidimensional surfaces separating the galaxy activity classes. More specifically, we find an optimal separation hyperplane using the 4 emission line ratios for the galaxies from the SDSS DR8 sample and their most probable classification obtained by SoDDA as inputs. The 4-dimensional linear decision boundaries for the four galaxy classes are defined below. 
These multidimensional decision boundaries achieve a mean classification accuracy of about 98% based on 10-fold cross validation with respect to the SoDDA classification. Table 3 compares the SoDDA classification with the proposed classification from the SVM, while Table 4 compares the scheme from Kewley et al. (2006) with the SVM. We see excellent agreement between the SoDDA and the SVM-based classification. More specifically, 99% of the galaxies classified as SFGs by SoDDA are classified in the same way the SVM-based classification. The figures are 96% for Seferts, 93% for LINERs, and 88% for Composites. On the other hand, the comparison with the traditional 2-dimensional diagnostics reveals a larger discrepancy owing mainly to the inconsistent classifications between each of the three different diagnostic diagrams. 
3-dimensional Decision Boundaries
The multidimensional decision boundaries achieve a mean classification accuracy of about 97% based on 10-fold cross validation with respect to the SoDDA classification. Table 5 compares the SoDDA classification with the proposed classification from the SVM, while Table 6 compares the scheme from Kewley et al. (2006) with the SVM. As with the 4-dimensional SVM classification, we have excellent agreement with the SoDDA classification and slightly worse agreement with the traditional 2-dimensional diagnostics. Surprisingly, we also find excellent agreement between the 3-dimensional and the 4-dimensional SVM diagnostics indicating that removing the fourth line ratio ([O i]/Hα) does not significantly affect the quality of the classification. More specifically, 99% of the galaxies classified as SFGs by SoDDA are classified in the same way by the 3-dimensional SVMbased classification. The figures are 96% for Seyferts, 89% for LINERs, and 85% for Composites. In other words, removing the ([O i]/Hα) line ratio has no impact on the classification error for SFGs and the Seyferts, and results in a different classification of only 4% of galaxies classified as LINERs by SoDDA and 3% of galaxies classified as Composites by SoDDA, when compared to the complete 4-dimensional diagnostic.
DISCUSSION
We propose a new soft clustering scheme, the soft allocation data driven (SoDDA) method, for classifying galaxies using emission-line ratios. Our method uses an optimal number of MG subpopulations in order to capture the multidimensional structure of the dataset and afterwards concatenate the MG subpopulations into clusters by assigning them to different activity types, based on the location of their means with respect to the loci of the activity classes as defined by Kewley et al. (2006) .
The main advantages of this method are the use of all four optical-line ratios simultaneously, thus maximising the available information and avoiding contradicting classifications, and treating each class as a distribution resulting in soft classification boundaries.
An issue with data-driven classification is the question of whether the data have sufficient discriminating power to distinguishing the different activity classes. A strong indication in this direction comes from the fact that the original BPT diagnostic (Baldwin et al. 1981) and its more recent redefinition by Kauffmann et al. (2003) and Kewley et al. (2006) was driven by the clustering of the activity classes in different loci on the 2-dimensional line-ratio diagrams. Furthermore, this distinction was supported by photoionisation models (Kewley et al. 2001 (Kewley et al. , 2013 which indicate that while there is a continuous evolution of the location of sources on the 2-dimensional diagnostic diagrams as a function of their metallicity and hardness of the ionising continuum, starforming galaxies occupy a distinct region of this diagram. In our analysis we follow a hybrid approach in which we identify clusters based on the multi-dimensional distribution of the object line-ratios, and we associate the clusters with activity types based on their location in the standard 2-dimensional diagnostic diagrams. This gives a physical interpretation to each cluster, while tracing the multi-dimensional distribution of the line ratios.
The fact that our analysis identifies multiple suppopulations within each activity class could indicate that there are subclasses that merit special attention. An indication for this is Subpopulaton 4. The morphology of this subpopulation is distinct from the others (Figure 5 ), which can be attributed to the complex spectra of the objects in this cluster. The approach followed in this paper treats the multidimensional emission-line diagnostic diagram as a mixture of different classes. This is a more realistic approach as it does not assume fixed boundaries between the activity classes. Instead, it takes into account the fact that the emission-line ratios of the different activity classes may overlap, which is reflected on the probabilities for an object to belong to a given class. This in fact is reflected in the often inconsistent classification between different 2-dimensional diagnostics (Ho et al. 1997; Yuan et al. 2010) , and is clearly seen in the complex structure of the locus of the activity classes in the 3-dimensional rotating diagnostics available in the online supplements. Therefore, the optimal way to characterize a galaxy is by calculating the probability that it belongs to each of the activity classes. This also gives us the possibility to define samples of galaxies in the different classes at various confidence levels.
Another advantage of this approach is that we take into account all available information for the activity classification of galactic nuclei. This is important given the complex shape of the multi-dimensional distributions of the emission line ratios (e.g. online 3-dimensional rotating diagnostics; see also Vogt et al. 2014 ). This way we increase the power of the 2-dimensional diagnostic tools, and eliminate the contradicting classifications they often give. This is demonstrated by the excellent agreement between the classification of the 4-dimensional diagnostic ( Kewley et al. 2006) in the 4-dimensional diagnostic, can be compensated by the structure of the locus of the different activity classes which allows their distinction even in the 3-dimensional diagnostic.
Although the probabilistic clustering contains more information about the classification of each active galaxy, the use of hard decision boundaries for classification is effective and closer to the standard approach used in the literature. Therefore, we also present hard classification criteria by employing SVM on the distribution of line-ratios of objects assigned to each activity class. The classification accuracy with these hard criteria is ∼ 98% when compared to the soft classification (SoDDA). This indicates that the extended tails of the line-ratio distributions of the different activity classes result in only a small degree of overlap and hence misclassification compared to the results we get from SoDDA.
A natural extension of this method is to include additional diagnostic lines (e.g. [O ii]), near and far infrared colours (e.g. Stern et al. 2005; Donley et al. 2012) Dale et al. 2006; Tommasin et al. 2010) . Such diagnostics have been used extensively in IR surveys in order to address the nature of heavily obscured galaxies, and they are going to be particularly useful for classifying objects detected in JWST surveys. Inclusion of information from other wavebands (e.g X-ray luminosity, radio luminosity and spectral index, X-ray to optical flux ratio) would further increase the sensitivity of these diagnostic tools by including all available information that would allow us to identify obscured and unobscured AGN. Key for these extensions of the diagnostic tools is to incorporate upper-limits (i.e., information about the limiting luminosity in a given band in the case of non detections) and uncertainties in the determination of the clusters in the SoDDA classification or the separating surfaces in the SVM approach.
